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A B S T R A C T   
Semi-arid parkland agrosystems are strongly sensitive to climate change and anthropic pressure. In the context of 
sustainability research, trees are considered critical for various ecosystem services covering environment quality 
as well as food security and health. But their actual ecological impact on both cropland and natural vegetation is 
not well understood yet, and collecting spatial and structural information around agroforestry systems is be-
coming an important issue. Tree mapping in semi-arid parklands could be one of these prerequisites. While for 
obtaining an exhaustive inventory of individual trees and for analysing their spatial distribution, remote sensing 
is the ideal tool. However, it has been noted that depending on the spatial resolution and sensor spectral 
characteristics, tree species cannot be distinguished clearly, even in the sparsely vegetated semi-arid ecosystems 
of West Africa. Thus, this work focuses on assessing the capabilities of Worldview-3 imagery, acquired in 8 
spectral bands, to detect, delineate, and identify certain key tree species in the Faidherbia albida parkland in 
Bambey, Senegal, based on a ground-truth database corresponding to 5000 trees. The tree crowns are delineated 
through NDVI thresholding and consecutive filtering to provide object-based radiometric signatures, radiometric 
indices, and textural information. A factorial discriminant analysis is then performed, which indicates that only 
four out of the seven most abundant species in the study area can be discriminated: “Faidherbia albida”,” 
Azadirachta indica”, “Balanites aegyptiaca” and “Tamarindus indica”. Next, random forest and support vector 
machine classifiers are employed to identify the optimal combination of classifier parameters to discriminate 
these classes with a high accuracy, robustness, and stability. The linear support vector machine with cost=1 and 
gamma=0.01 provides the optimal results with a global accuracy of 88 % and kappa of 0.71. This classifier is 
applied to the whole study area to map all the trees with crowns larger than 2 m, sorted in four identified species 
and a fifth common group of unidentified species. This map thus enables analysing the variability in tree density 
and the spatial distribution of different species. Such information can afterwards be correlated to the ecological 
functioning of the parkland and local practices, and offers promising opportunities to help future sustainability 
initiatives in different socio-ecological contexts.   
1. Introduction 
Trees are key information for studying agroforestry ecosystems 
(Nagendra et al., 2004; Wulder et al., 2004), and understanding their 
spatial distribution is crucial when assessing the conservation status of 
tree populations and predicting responses to environmental and cli-
matic changes (Cabello and Fernández, 2012). In various ways, trees 
are beneficial to their environment by, for example, improving air 
quality, preserving soil, and supporting wildlife. In agroforestry, the 
properties of parkland trees to improve soil fertility (Ajayi and Place, 
2011; Akinnifesi and Ajayi, 2010) and to retain water (Sileshi et al., 
2011; Verchot and Noordwijk, 2007), are widely used to enhance sur-
rounding crop yields (Garrity, 2004; Syampungani et al., 2010). A 
denser tree cover inside or around agricultural fields could prevent soil 
erosion and protect from wind damage (Alemu, 2016). Increased tree 
cover often, but not always, reduces pest pressures and improves pol-
lination services (Gurr et al., 2003; Bianchi et al., 2006; Dix et al., 1995;  
Zhang et al., 2007; Pumariño et al., 2015; Tscharntke et al., 2016). 
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Moreover, trees and their diversity play an important role for the local 
economy (Pélissier, 1980; Depommier 1996) providing to rural popu-
lation a source of fuelwood, medicinal plants, food, and fodder-scarce 
commodities in many arid and semi-arid regions. Unfortunately, the 
accelerated destruction of tree species around the world is ongoing, 
threatening the associated ecosystem services (ESs) and plant and an-
imal biodiversity (World Health Organization., 2005). In the face of this 
fragmentation of natural areas, agroforestry appears to be a promising 
alternative for the sustainable management of cultivated areas. Indeed, 
the multifunctional role of agroforestry, that can simultaneously sup-
port income, food security, ESs and biodiversity conservation 
(Tscharntke and Clough, 2012; Kuyah et al., 2016), is broadly con-
sidered as critical for decision making in the search for sustainability 
(Reid et al., 2005; Carpenter et al., 2009). 
The development of international initiatives, such as the 
Millennium Ecosystem Assessment (Reid et al., 2005), emphasizes the 
need to collect information around ESs for balancing human well-being 
with the maintenance of crucial ecological processes (Perrings et al., 
2011). Therefore, timely and detailed information acquisition on the 
spatial distribution and structural characteristics of trees within agro-
forestry systems is critical for better understanding their eco-service 
values, and subsequently for developing sustainable forest and agri-
culture management strategies (Lindenmayer et al., 2000). Traditional 
field-based inventories are not suitable over large geographic areas, and 
enhanced methods are thus required to obtain spatially explicit in-
formation on the composition and distribution patterns of the tree 
species (Turner and Spector, 2003). In this regard, the use of remote 
sensing data is being widely explored for biodiversity monitoring and 
conservation (Alleaume and Dusseux, 2018; Lausch and Bannehr, 2016;  
Pettorelli and Bühne, 2018; Rocchini and Boyd, 2016; Vihervaara and 
Auvinen, 2017) due to its extensive spatial coverage and revisit capa-
city (McDermid and Hall, 2009; Nagendra, 2001; Wulder et al., 2004). 
Until recently, the remote sensing identification of tree species has been 
mainly performed using data from airborne hyperspectral sensors and 
LIDAR imagery (Cho and Debba, 2010; Clark et al., 2005; Dalponte 
et al., 2012; Féret and Asner, 2011; Naidoo et al., 2012; Verlič and 
Đurić, 2014). However, the high cost and difficulty of performing flight 
campaigns limit the application of such approaches. The latest gen-
erations of very high spatial resolution sensors allow the realisation of 
deeper analyses at finer levels of detail, with image footprints of ap-
proximately 400 km2 and sub-metric spatial resolutions. The develop-
ment of such sensors and methods may give effective and inexpensive 
alternatives for numerous new applications including tree species in-
ventory and mapping at the crown scale, which is the key topic of in-
terest of this study. Recently, promising results for tree species identi-
fication in temperate forest ecosystems (Immitzer et al., 2012; Waser 
et al., 2014), urban forests (Verlič and Đurić, 2014), mangroves 
(Heenkenda and Joyce, 2014), plantations (Peerbhay et al., 2013) and 
tree savannahs (Cho and Mathieu, 2012) were obtained by using 
Worldview-2 (WV-2) data. Despite its performing technology, this 
sensor has not been often employed to realise vegetation analyses in 
African ecosystems, even though certain work related to southern 
African regions has been reported. For instance, in the context of South 
Africa, Cho and Mathieu (2012) classified five savannah species in the 
Kruger with an overall accuracy of 77 %, and Peerbhay et al. (2013) 
classified the six main tree species in KwaZulu-Natal with an overall 
accuracy of 85.4 %. Moreover, Karlson and Ostwald (2016) identified 
the five most frequently occurring tree species in an agroforestry park 
Fig. 1. (a) Location of the study area; (b) WV-3 image of the study area and location of the sampled trees in the field; (c) Zoomed in view of the WV-3 image in the 
pansharpened mode (0.30 m/pixel). 
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in Burkina Faso, with an overall accuracy of 83.4 %. Using Quickbird 
images, Adelabu and Dube (2015) reported an overall accuracy of 88.8 
% in the classification of five tree species. 
In addition, Soti et al. (2018) highlighted the limitations of the 
Pléiades sensor in identifying tree species in a Faidherbia Albida agro-
forestry park near the Bambey city in the Old Peanut Basin of Senegal, 
which exhibited a global accuracy of only 38 %, requiring the authors 
to group the 16 targeted tree species in a single class named “tree ve-
getation”. These results indicate that Pléiades data are insufficient to 
discriminate the tree species in the study area. 
Thus, in this study, we aimed at evaluating the potential of 
WorldView-3 (WV-3) imagery, which involves 8 spectral bands and a 
spatial resolution of 1.20 m, for mapping tree diversity in a sudano- 
sahelian agroforestry area. To reach it, we first describe the pre-pro-
cessing applied to derive the top-of-canopy reflectance data and ela-
borate upon a relevant technique to delimit the tree crowns and extract 
the representative attributes of the individual trees. Then, we describe 
the approaches used to analyse the spectral and textural characteristics 
of each tree species and identify certain tree classes by using the 
ground-truth data. Finally, the classification processing is described, 
including the technique to select the optimal classifier to discriminate 
the different tree species and the obtained mapping products. 
Subsequently, the results and their significance in the field of landscape 
ecology are discussed 
2. Data 
2.1. Study site 
The study was performed in an area of 247 km2, i.e. 13 km 
(16.648 °W-16.526 °W) by 19 km (14.644 °N-14.818 °N), centred on the 
village of Dangalma in the Bambey Department, Diourbel Region of 
Senegal (Fig. 1). The climate in this region is semi-arid with a short 
rainy season from July to October and a mean annual rainfall of 
400–600 mm (Badiane et al., 2000). Human density is quite high (222 
inhabitants per square kilometre), but settings are widely scattered, 
including 326 villages: 72 % of which having less than 500 inhabitants, 
20 % having 500–1000 inhabitants, and 8% having 1000–3000 in-
habitants (ANSD, 2017). 90 % of the area is under agriculture, mainly 
in agroforestry system (DAPSA, 2014). 
The Faidherbia albida parkland is primarily composed of centenarian 
trees belonging to 27 species, that are mostly isolated and regularly 
distributed, with densities of only 5–9 trees/ha and even less than 4 
trees/ha for 46 % and 36 % of the territory, respectively. However, this 
density varies considerably, increasing from the South-West to the 
North-East, with 15 % and 3% of the study area exhibiting a density of 
10–14 trees/ha and 15–26 trees/ha, respectively. The trees are essen-
tially associated with the pearl millet (60 % of the cropped areas) and 
peanut crops (28 % of the cropped areas), which are cultivated via soft 
practices by smallholders. Indeed, parcel size is generally less than 
0.25 ha, and 69 % of the farms cover less than 3 ha. (DAPSA, 2014). 
Mechanisation and chemical manures are not applied, and tree and 
biodiversity conservation are focused on to realise pest management, 
soil fertilisation preservation and erosion limitation, and other eco-
system services. 
2.2. Field data 
We performed field surveys in the study area once a year between 
2013 and 2018 to collect information regarding the trees. These surveys 
were scheduled at the beginning of the dry season (November/ 
December) when the trees are leafy and crops have been harvested. The 
sampling sites homogeneously covered the entire study area, con-
stituting a training database of a total of 4869 documented trees (Fig. 1- 
b). For each site, the species and vegetation cover rate were identified 
and integrated into a geographic information system (GIS) database by 
using the GPS recording of the geographical coordinates of these sites. 
Among the 27 species identified in the field, Faidherbia albida, Balanites 
aegyptiaca, and Adansonia digitata represented 89.5 % of the samples; 
the proportion of Tamarindus indica, Anogeissus leiocarpus, Azadirachta 
indica, and Celtis integrifolia was only 5.6 %, and the proportion of 20 
rarer species was 4.9 %. Thus, we focused in this study only on the 
discrimination potential of the 7 most frequent species. 
2.3. Remote sensing image 
A cloudless Worldview-3 image (WV-3, DigitalGlobe, Inc.) covering 
our study area was acquired on 4 December 2017 (Fig. 1-b). At this 
date, most trees are still leafy and thus easily visible in images owing to 
the large contrast with the surrounding bare soil. The WV-3 data cor-
responded to a panchromatic image acquired at a spatial resolution of 
0.30 m bundled with a multispectral image acquired at a spatial re-
solution of 1.20 m in the following 8 spectral bands: coastal blue 
(427 nm), blue (482 nm), green (547 nm), yellow (604 nm), red 
(660 nm), red-edge (723 nm), near-infrared 1 (824 nm), and near-in-
frared 2 (914 nm). 
3. Method 
3.1. Data pre-processing 
The WV-3 data were delivered at the 2A-level. Therefore, we per-
formed a radiometric calibration, followed by an orthorectification, 
using the ENVI 5.5 software. First, we converted the digital numbers 
into the absolute radiance by using the gain and offset of each spectral 
band. Next, we converted the absolute radiance into the top of atmo-
sphere reflectance (TOAR), based on the sensor specifications, acqui-
sition time and satellite attitude to determine the illumination condi-
tions (Schowengerdt, 2007). Finally, we orthorectified the data to 
recover the correct geometry while discarding the topographical effects 
by using the metadata-file and SRTM digital terrain model with a re-
solution of 30 m (https://earthexplorer.usgs.gov/). 
In addition, the multispectral image was merged with the pan-
chromatic image by using the Gramm–Schmidt method via the ENVI 
5.5 software to derive a multispectral pansharpened image at a re-
solution of 0.30 m. 
3.2. Tree crown delineation 
As indicated by Jakubowski et al. (2013), the delineation of trees 
via remote sensing is still challenging and conditions the radiometric 
analysis required from the basis. Although several methods with 
varying degrees of efficiencies have been proposed, their performance 
is limited owing to the low contrast between the tree canopies and their 
neighbourhood. In the studied image, a deep contrast exists between 
the trees and their background (mostly bare soil), and the individual 
trees are clearly isolated. Thus, the tree crowns can be extracted by 
simply applying a threshold on the NDVI derived from the pan-
sharpened image. Several tests were performed to determine the op-
timal value for this threshold, and the value of 0.4 was noted to provide 
a balance between the lowest number of missing trees and the inclusion 
of non-tree surfaces. Next, we applied a median kernel filter of 3 pixels 
to regularise the thresholding, followed by the application of an 
opening morphological filter to separate the joint polygons. Finally, the 
resulting mask was vectorised and filtered to discard the non-pseudo- 
circle objects having a compactness index less than 1.68. In addition, 
we observed that most of the small selected areas were not trees, and 
thus, ensuring a suitable balance between false-detection elimination 
and number of missing small trees, we removed the objects having an 
area smaller than 14 m2. In this manner, we were required to analyse 
only the trees with a diameter of less than 2 m, while ensuring that the 
mapped objects were actually trees. Finally, 134,715 isolated tree 
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crowns were delineated (Fig. 2). To estimate the quality of this deli-
neation, we randomly selected 50 test areas of 1 ha on the image, 
counted the number of trees correctly delineated in each area, and 
objects that were not trees to determine the percentage of trees that 
were correctly identified. 
3.3. Spectral and textural analysis 
The delineated tree crowns and ground-truth points (GPS) were 
combined to identify their intersections, and 1138 objects (0.87 % of all 
the delineated trees in the image) were selected as the field reference. 
Among these objects, 1097 belonged to the five major species and only 
41 belonged to the minor species (See Table 1), reflecting their actual 
proportion in the study area, even though the technical limit of de-
tecting trees with a diameter less than 2 m likely eliminated several 
trees belonging to the minor species. 
Subsequently, we considered that the reflectance average and 
standard deviation of a given delineated tree crown in the 8 WV-3 
spectral bands of all the pixels provide a representative signature of that 
tree. Fig. 3 shows the mean signature of the seven considered tree 
species. 
The different tree species exhibited nearly similar signatures in the 
visible domain, except Faidherbia albida and Tamarindus indica, which 
exhibited slight deviations in the green (547 nm) and yellow (604 nm) 
bands. In the red-edge (723 nm) and infrared domain (824 nm and 
914 nm), Adansonia digitata, Anogeissus leiocarpus, and Celtic integrifolia 
displayed a similar signature, and thus, they could not be differentiated 
from each other, although they were collectively clearly different from 
the four other species. Faidherbia albida, Tamarindus indica, Azadirachta 
indica and Balanites aegyptiaca exhibited considerably different sig-
natures; however, the dispersion of the radiometric values inside a 
given species was extremely large, and thus, the typical spectral en-
velopes of the species overlapped. This finding indicates that the ac-
curate discrimination among these species may be challenging when 
using basic classification algorithms. 
Thus, a factorial discriminant analysis (FDA) was performed on the 
radiometric means and standard deviations of the sampled tree popu-
lation in the whole, to enhance the discrimination potential of the WV-3 
spectral signature. Owing to the projection of the trees in this statistical 
space, the intra-class variability decreased, and the inter-class varia-
bility was enhanced; consequently, the trees could be grouped con-
sidering the common spectral trends. Therefore, it was confirmed that 
the trees could be clustered and the relevant classes could be selected 
based on the radiometric means and standard deviation data. This FDA 
indicated that 96 % of the total inertia of the data was included in the 
first three components. Fig. 4 shows the projection of the tree signatures 
in the three first planes defined by three first axes. 
Azadirachta indica trees could be clearly distinguished from the 
other species on the second axis, while Balanites aegyptiaca and 
Tamarindus indica trees dissociated themselves from the other species 
on the third axis. So, they can be considered as fully separable radio-
metric classes. Faidherbia albida trees were clustered and clearly distinct 
from the aforementioned three species; however, they were not distinct 
from the minor species, namely, Adansonia digitata, Anogeissus leiocarpus 
and Celtic integrifolia. These minor species were mixed and highly 
scattered in the considered space and thus could not be distinguished 
among one another. Thus, these trees were isolated in a single class, 
although they could be misidentified with Faidherbia in some cases. 
Nevertheless, we maintained Faidherbia as a different class because 
it exhibits certain characteristics in the reflectance spectra that can 
allow its discrimination from the trees of the three minor species. 
Overall, only 4 classes corresponding to the major species (Faidherbia 
albida, Tamarindus indica, Azadirachta indica and Balanites aegyptiaca) 
could be discriminated based on their spectral signature, and all the 
other species were grouped in a single class (other species). 
In addition, we analysed the gain defined using the radiometric 
indices in the forms (b2-b1)/(b2+b1) and 1.5*(b2-b1)/(b2+b1 + 0.5) 
(corresponding to the NDVI and SAVI types, respectively) by combining 
any pair of two spectral bands out of the height available and per-
formed a FDA on the resulting means and standard deviations of the 
sampled tree population. Results similar to those of the analysis of the 
Fig. 2. Subset of the Worldview-3 image showing the delineation of tree 
crowns. 
Table 1 
Number of ground-truth samples and their distribution according to the 
seven species.    
Species Number of samples  
Faidherbia albida 823 
Balanites aegyptiaca 131 
Adansonia digitata (baobab) 41 
Tamarindus indica 29 
Azadirachta indica (neem) 32 
Celtic integrifolia 23 
Anogeissus leiocarpus 18 
Minor species 41 
Total 1138 
Fig. 3. Mean spectral signatures of the seven major species based on the field 
samples. 
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reflectance data were obtained without any additional information. 
Therefore, we discarded this set of indices and focused only on the 
reflectance data. 
Moreover, we considered the texture information that described the 
micro-rugosity of the tree crown image. We computed the four most 
diverse textural indices derived for the co-occurrence matrix: entropy, 
contrast, correlation and homogeneity (Haralick et al., 1973) on a 
sliding window of 3 × 3 pixels to describe the finest spatial variability. 
Each index was derived with respect to three orientations, namely, 0°, 
45° and 90°, and for the four spectral bands that exhibited the largest 
tonal variability, that is, panchromatic, green, red, and near-infrared. 
None of the numerous indices indicated any variation among the in-
dividual trees of one species or those of different species. Thus, it was 
considered that the texture is not a suitable indicator for the trees, and 
we performed the subsequent analyses using only the radiometric in-
formation. 
3.4. Tree species classification 
The trees were classified using the R software, using the tree re-
flectance mean and standard deviation in the height spectral bands as 
the descriptive data. A supervised approach was employed, based on 
the following five classes: ‘Faidherbia albida’, ‘Azadirachta indica’, 
‘Balanites aegyptiaca’, ‘Tamarindus indica’, and ‘other species’ regrouping 
the 23 remaining ones, and the system learned from a random set in-
volving 70 % of the trees from the 1138 ground-truth trees. 
We performed successive and independent random draws among 
the ground-truth data base by using the R software to build 30 different 
sets of 800 training trees (70 % of the trees in each class) and 338 
validation trees (remaining 30 %), which constituted the test data for 
the comparison of the classifiers. 
We selected two algorithms that could handle samples with a large 
number of variables while minimising the error during the classification 
process: the random forest (RF) and support vector machine (SVM) 
algorithms. 
RF is a classification and regression algorithm that performs 
learning considering multiple decision trees from a random selection 
without repeating the training at each decision tree level (Breiman, 
2001; Fawagreh et al., 2014). Two-thirds of the samples are used to 
train the decision trees while the remaining one-third are used in an 
internal cross-validation to estimate the performance of the resulting RF 
model (Belgiu and Drăgut, 2016; Breiman, 2001). The RF algorithms 
Fig. 4. Representation of factorial discriminant analysis clusters to select the distinct classes among the population of the field sampled trees.  
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are parameterised by the numbers of decision trees and the selected 
variables at each decision tree. In the considered dataset, the highest 
performance corresponded to 500 decision trees with 16 variables (i.e., 
all the variables) at each decision tree. 
The SVM includes sets of related supervised learning methods that 
are used for discrimination (Jakkula, 2006; Vapnik, 2000). This algo-
rithm can be used to classify 2 categories of points by assigning each 
point to one of the separate sub-spaces by using a hyperplane that 
maximises the margin and minimises a quantity proportional to the 
number of misclassification errors (Osuna et al., 1997). SVM algorithms 
are differentiated by the types of kernels, which are mathematical 
functions used in training processes; kernels can be linear, polynomial, 
Gaussian (radial basis function), or sigmoid functions (Hsu et al., 2016). 
In this study, we analysed the linear (SVM-L) and radial (SVM-R) 
functions, parameterised by the cost and the gamma values, and eval-
uated the performance considering cost = 1 and gamma = 0.01. 
Subsequently, we tested each classification algorithm over the thirty 
different pairs of training/validation datasets to evaluate the robustness 
and stability of the classifiers. Finally, the most robust and stable 
classifier was selected to classify all the trees. 
4. Results and discussion 
4.1. Delineation of trees and extraction of sampling data 
The evaluation of the crown delineation derived from the NDVI 
thresholding and filtering indicated that no false tree detection oc-
curred owing to the strong criteria used to evaluate the spectral dis-
crimination capabilities of the data. However, a loss of 29 % occurred 
for the trees over the whole study site: All the trees smaller than 2 m 
and, in rare cases, larger trees that have shed part of their foliage or 
have a compact shape may be discarded, and the final mapping may be 
incomplete. However, the mapping is robust and should be com-
plemented with further analyses to map the small trees. 
In addition, Adansonia digitata trees, commonly known as baobabs, 
are often missed under these conditions, mainly due to their irregular 
shape. Baobabs shed their leaves during the dry season, which leads to 
the observed leaf density heterogeneity and makes their isolation dif-
ficult. This aspect is a major limitation because this species provides 
multiple eco-services to the rural population (fruits, seeds, leaves, roots, 
etc.) and the environment (natural soil nutriment, biodiversity, etc.) 
(Kaboré and Lingani, 2011). 
Moreover, the radiometric signature of Adansonia digitata is not 
typical and cannot be discriminated from that of other minor species. 
To improve the classification of baobabs, two strategies can be em-
ployed: 1) Acquiring a satellite WV-3 image at the end of the rainy 
season in mid-September, when Baobabs are fully leafy. However, at 
this time, other misdetections may occur as the entire vegetation cover 
is relatively green. 2) Using photointerpretation to identify this species, 
because it exhibits a characteristic shape and typical shadow. It could 
be also driven by specific pattern recognition software to detect and 
correctly delineate the trees. 
The intersection between the delineated crown and ground-truth 
data is used to extract 1138 reference trees (cf. Table 1). This sampling 
is highly heterogeneously distributed, with an extremely large number 
of trees belonging to the Faidherbia albida (823) and Balanites aegyptiaca 
(131) species and extremely few trees belonging to the other species 
(18–41 only). Although this distribution reflects the actual proportions 
encountered in the fields in this area, the discrimination and classifi-
cation processes might be embedded. After separating the ground-truth 
data into training and validation datasets, several trees remain that 
might be insignificant for the classification evaluation (e.g., 8 for T. 
indica and 9 for A. indica). Thus, the results for these classes must be 
analysed with caution. Nevertheless, this sampling cannot be further 
enhanced because T. indica trees are rarely present in the considered 
area, and A. indica are found mostly grouped inside villages rather than 
being isolated in the savannah. 
The radiometric signature characterising a tree was defined using 
the reflectance average of all the pixels comprised inside the tree crown 
along with its standard deviation. It may be interesting to analyse the 
gain defined using other descriptors of the tree crown. However, the 
median, for instance, did not lead to an enhanced separability of the 
species signatures, and a linear SVM applied on the median and its 
standard deviation exhibited similar performances in terms of the 
global accuracy and kappa index compared with those of the mean. 
More complex aggregation variables may be considered if efforts are to 
be directed in this domain. 
4.2. Assessment of classification algorithms 
The results for the global accuracy and kappa index for the thirty 
classification tests performed using RF, SVM-R, and SVM-L are pre-
sented in Table 2. The three algorithms exhibited similar performances 
(80–83 % for RF, 82–87 % for SVM-R, and 83–88 % for SVM-L). 
Table 2 
Global accuracy and kappa indices obtained using the random forest (RF), support vector machine with radial kernel (SVM-R), and support vector machine with 
linear kernel (SVM-L), applied to 30 random draws of training/validation pairs.              
#sample 1 2 3 4 5 6 7 8 9 10 
Global accuracy (%) RF 81 82 84 80 82 82 83 81 84 81 
SVM-R 85 85 87 86 86 86 85 84 84 86 
SVM-L 86 86 87 85 87 87 86 86 88 86 
Kappa RF 0.54 0.55 0.6 0.51 0.53 0.53 0.55 0.51 0.61 0.51 
SVM-R 0.62 0.6 0.67 0.64 0.63 0.64 0.61 0.58 0.60 0.62 
SVM-L 0.65 0.66 0.70 0.62 0.68 0.65 0.64 0.63 0.71 0.64 
#sample 11 12 13 14 15 16 17 18 19 20 
Global accuracy (%) RF 81 81 82 83 82 82 82 83 80 83 
SVM-R 85 84 85 82 85 85 86 86 85 86 
SVM-L 87 85 86 83 86 85 86 88 86 86 
Kappa RF 0.53 0.50 0.55 0.54 0.56 0.53 0.53 0.58 0.49 0.55 
SVM-R 0.61 0.57 0.62 0.53 0.63 0.61 0.65 0.66 0.60 0.64 
SVM-L 0.66 0.61 0.64 0.56 0.66 0.62 0.65 0.71 0.63 0.66 
#samples 21 22 23 24 25 26 27 28 29 30 
Global accuracy (%) RF 82 82 80 83 82 83 80 81 83 82 
SVM-R 85 83 83 85 85 85 86 85 84 86 
SVM-L 86 84 86 86 87 87 87 86 86 86 
Kappa RF 0.52 0.52 0.48 0.54 0.51 0.58 0.49 0.52 0.58 0.54 
SVM-R 0.60 0.55 0.56 0.60 0.60 0.61 0.64 0.63 0.60 0.62 
SVM-L 0.65 0.59 0.63 0.62 0.66 0.68 0.67 0.65 0.64 0.64 
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Although, RF is a less reliable algorithm with comparatively low Kappa 
indices (from 0.48 to 0.60). These findings are similar to those reported 
by studies in which SVM and RF were compared under various classi-
fication applications: In particular, SVM tends to outperform the RF for 
a small number and unequal distribution of the samples (e.g., Li et al., 
2015; Colditz, 2015). However, RF is suitable for high-dimensional 
datasets (Rodriguez-Galiano and Ghimire, 2012; Colditz, 2015), in 
contrast to this work in which only 16 variables were considered. 
Moreover, the distribution of the trees in the different classes and 
the intra-class accuracies were not stable during the thirty tests varying 
the training/validation dataset; the SVM-L was the less sensitive to the 
tests. 
Considering these performance indicators, we selected the SVM-L 
algorithm with the highest kappa index (0.71) as the optimal classifier. 
This algorithm also corresponded to the highest global accuracy (88 %), 
which is a reasonably high value for remote sensing applications. The 
associated confusion matrix is presented in Table 3. 
In addition, we tested the SVM-L algorithm on the same thirty pairs 
of training/validation datasets with only the four basic spectral bands 
(blue, green, red, and near-infrared) available on most sensors. The 
global accuracies ranged from 0.81 to 0.84, which are acceptable but 
considerably lower than the accuracies obtained using the eight bands, 
with very low kappa indices ranging from 0.45 to 0.55. These findings 
indicate that the eight bands provided by WV-3 are required to ensure 
the robustness of the classification. In addition, the stability of the 
confusion matrix was extremely low, emphasising the need for the 
whole set of the height spectral bands. 
4.3. Tree species mapping 
The confusion matrix indicates the discrimination ability of the 
classifier for each class independently. Faidherbia albida is nearly per-
fectly classified (98 % producer accuracy) with an extremely high re-
liability (90 % user accuracy), which is important because of the major 
impact of this species on the ecology of the parkland. Balanites ae-
gyptiaca is well classified (64 % producer accuracy) with a high relia-
bility (83 % user accuracy), although a quarter of the samples are 
misclassified as Faidherbia albida. Azadirachta indica also corresponds to 
a high global accuracy (67 %) but with a lower reliability (75 %), likely 
due to the small number of available samples. Tamarindus indica is 
considerably more misclassified (only 38 % global accuracy). However, 
it is quite difficult to evaluate a classification with only 8 or 9 samples. 
The latter two classes present highly discriminable reflectance sig-
natures, and thus, theoretically, must be more correctly classified. This 
result demonstrates the relevance of ensuring a larger field database to 
draw effective conclusions in the evaluation stage. The trees belonging 
to the other species appear to be challenging to classify because one- 
third of the trees are recognised as Faidherbia albida. This aspect was 
predicted by the clustering of the trees of these two classes in the FDA 
representation. Despite the errors in classification, the high user accu-
racy indicates that the results are reliable, except for those of 
Tamarindus indica owing to the low number of samples. 
The linear SVM classification algorithm can thus be considered 
sufficiently robust to be applied to the set of trees extracted from the 
image over the whole study area, thereby producing a map of the trees 
of the Bambey parkland around Dangalma (Fig. 5). 
4.4. Informative resource of spatial distribution analysis for ecology 
The map clearly shows that the highest concentration and diversity 
of trees occur around the villages (compact multicolour patches of dots, 
with a majority of cyan (Azadirachta indica) and magenta (other spe-
cies), and some orange (Balanites aegyptiaca), confirming the results of 
past in-field surveys. Balanites aegyptiaca, known as ‘desert date’, is 
widely distributed in the dry lands of Africa and South-Asia. All parts of 
the tree (roots, fruit oil, wood, leaves) are traditionally used for 
household applications, along with the treatment of various illnesses of 
humans and animals (Chothani and Vaghasiya, 2011). Azadirachta in-
dica, known as ‘neem’, is an evergreen tree from southern and south- 
eastern Asia, which has been introduced to West Africa in the last 20 
years. This species corresponds to 7% of the trees in the developed map 
(Fig. 5). These trees were planted essentially in villages for fuelwood 
production and shade provision and to act as a natural pesticide against 
insects such as mosquitoes; in addition, these trees were used in agri-
culture for pest control (Schmutterer, 1990). Tamarind (Tamarindus 
indica), which provides a wide range of ecosystem services (Fandohan 
and Assogbadjo (2010) mentioned that the rural population exploits the 
tree for 26 different uses), is a less abundant tree (2%). The fruit (pulp) 
of this tree is widely used as a condiment and in beverages (Jama et al., 
2008). Tamarind seeds are useful for relieving childhood malnutrition 
or managing diabetes (Kilungu and Njoroge, 2002). In addition, the 
leaves have antibiotic properties (Nordeide and Hartley, 1996). 
This diversity decreases drastically outside the villages towards the 
savannah, and the most dominant species (75 % of the trees in the map) 
is Faidherbia albida (green dots), which is also more scattered. These 
trees play an important role in enriching the soil fertility and enhancing 
the surrounding crop yields (Umar et al., 2013). Their inverse phe-
nology (leafy during the dry season) is also advantageous for agrofor-
estry because the competition with other crops growing during the wet 
season is minimised (Roupsard and Ferhi, 2002). Moreover, these trees 
produce abundant fodder for livestock during the dry season. This 
species is therefore frequently used in the agroforestry parklands of 
West Africa, where it plays a key role in supporting the local economy 
(Pélissier, 1980). 
Lower tree densities are observed along the road axis running from 
West to East, especially at the South edge (visible as white patches), 
corresponding to eroded lands. At the North-East corner of the image, 
the landscape is considerably different from the remaining study area, 
with a higher concentration of trees and a dominance of Balanites ae-
gyptiaca (orange dots). 
This map allows the localisation and monitoring of the dominant 
tree species and provides abundant information regarding the varia-
tions in the density and diversity of the individual trees all over the 
study site. Consequently, this map is valuable to ensure biodiversity and 
Table 3 
Confusion matrix of the linear support vector machine classification having a global accuracy of 88 % and kappa index of 0.71.          
Reference data 
Classified as F.albida B. aegyptiaca T. indica A. indica Other species Total User’s acc.  
F.albida 241 11 2 3 11 268 90 % 
B. aegyptiaca 2 25 2 0 1 30 83 % 
T. indica 2 2 3 0 5 12 25% 
A. indica 0 1 0 6 1 8 75 % 
Other species 1 0 1 0 18 20 90 % 
Total 246 39 8 9 36 338  
Prod. acc. 98 % 64 % 38 % 67 % 50 %   
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resource management in the region. Such accurate information could 
help environmental protection agencies to better preserve trees and 
monitor the tree cover in the long term (e.g., at decadal intervals) for 
conservation or reforestation programmes. Trees provide a wide range 
of ecosystem benefits such as enhanced crop yields, provision of 
breeding sites for birds, biomass retention, enhanced soil fertility, and 
income for populations. Moreover, the presence and diversity of trees 
assist crop pest regulation, thereby providing an efficient agroecolo-
gical alternative to chemical usage (Brévault and Clouvel, 2019). Re-
cent studies on the Bambey Faidherbia albida parkland have clarified the 
major contribution of trees in the regulation of natural enemies and 
pollination of millet, which is the main food crop in the study area (Soti 
and Thiaw, 2019; Bagny-Beilhe and Allinne, 2019). 
5. Conclusions 
This work proposed a methodology to delineate individual trees and 
identify the major species in semi-arid parklands in Senegal, with the 
example of the Bambey Faidherbia albida parkland. Using a very high 
spatial resolution image acquired by WV-3 in 8 spectral bands during 
the dry season, we mapped all the trees with a diameter larger than 2 m. 
Then we classified them into four identified species, namely, Faidherbia 
albida, Azadirachta indica, Balanites aegyptiaca, and Tamarindus indica, 
which are the most abundant in this area, and a fifth class regrouping 
all the rarer species, including for example Adansonia digitata, Celtic 
integrifolia, Anogeissus leiocarpus, that could not be discriminated using 
the present data. The classification accuracy (88 %) is comparable to 
those obtained with Quickbird or WV-2 images by Adelabu and Dube 
(2015) or Peerbay et al. (2013) in other agroforestry parks, but much 
better that the results of Cho and Debba (2010) or Karlson and Ostwald 
(2016). Also, this classification was drastically less reliable when ap-
plied to the 4 basic spectral bands of WV-3 only, the kappa index falling 
from 0.71 to 0.5. Furthermore, it reaches some identification goals that 
were not achieved by Soti et al. (2018) with Pléiades imagery only. It 
shows that the choice of the appropriate imagery is still quite complex 
and needs further investigations. To improve the identification of the 
rarer species, we recommend the acquisition of a second WV-3 image at 
the end of the rainy season and using a combination of photo-
interpretation and pattern recognition algorithms. Nevertheless, this 
study provides insight into the feasibility of the WV-3 images to map 
the trees in a Sudano-Sahelian area in Senegal, and furthermore to 
identify 4 of the major species, as a key element in parkland con-
servation and management. Overall, in the context of agroforestry 
systems playing a significant role in the world ecosystem, environment, 
economy and society, the accurate tree mapping obtained in this work 
could assist in conservation and management at different scales. 
Fig. 5. Map of trees with a diameter of more than 2 m in Bambey parkland and their relative proportions.  
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